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As freshwater habitats are among themost endangered, there is an urgent need to identify critical areas for
conservation, especially those that are home to endangered species. The Pyrenean desman (Galemys pyre-
naicus) is a semi-aquatic mammal whose basic ecological requirements are largely unknown, hindering
adequate conservation planning even though it is considered as a threatened species. Species distribution
modelling is challenging for freshwater species. Indeed, the complexity of aquatic ecosystems (e.g., linear
and hierarchical ordering) must be taken into account as well as imperfect sampling. High-quality and rel-
evant hydrological descriptors should also be used. To understand the influence of environmental covar-
iates on the occupancy and detection of the Pyrenean desman, we combine both a robust sign-survey data
set (i.e. with genetic validation ensuring true presence information) and a hydrological model to simulate
the flow regime across a whole catchment. Markovian site-occupancy analysis, taking into account sign
detection and based on spatially adjacent replicates, indicated a positive influence of heterogeneity of sub-
strate and shelters, and a negative influence of flow variability on Pyrenean desman detection. This valu-
able information should help to improve monitoring programs for this endangered species. Our results
also highlighted a spatially clustered distribution and a positive influence of stream flow and number of
tributaries on occupancy. Hence, modifications of flow regime (e.g. hydropower production, irrigation, cli-
mate change) and habitat fragmentation appear to be major threats for this species, altering the connec-
tivity between tributaries and the mainstream river as well as between adjacent sub-catchments.1. Introduction
Freshwater habitats hold a notable biodiversity with for
example, one third of vertebrate species being restricted to this
ecosystem (Dudgeon et al., 2006). However, freshwater habitats
are one of the most endangered ecosystems in the world
(Vörösmarty et al., 2010) and human-induced alterations of the
natural river conditions strongly affect aquatic biodiversity
(Dudgeon et al., 2006; Vörösmarty et al., 2010). Extinction rates of
freshwater fauna are currently extremely high (Allan et al., 2005)
with around 15,000 freshwater species worldwide already extinct
or imperiled as a result of human activity (Strayer and Dudgeon,
2010). As a consequence, there is an urgent need to identify critical
areas for conservation of freshwater biodiversity especially for
rare, endemic and endangered species.
Among rare freshwater species, the Pyrenean desman (Galemys
pyrenaicus) is one of the less well-known European mammals. The
distribution of this small semi-aquatic species is restricted to the
Pyrenees (Andorra, France and Spain), as well as parts of northern
and central Spain and northern Portugal. In the French Pyrenees,
the species lives in mountain brooks, cold and well oxygenated
water courses from sea level to 2700 m (Némoz et al., 2011). The
Pyrenean desman is becoming increasingly threatened, triggering
several conservation regulations (Fernandes et al., 2008). Yet, even
basic knowledge such as distribution range and habitat preferences
that are essential for conservation planning are not complete for
this species (Aymerich, 2004; Barbosa et al., 2009, 2010; Nores
et al., 1992, 1999; Palmeirim et al., 1983; Queiroz et al., 1996).
The environmental factors influencing the spatial distribution of
species can be identified by the use of Species Distribution Models
(SDMs). They model the statistical relationships between species
presence records and environmental variables, and may be used
to predict habitat suitability for species in unsampled areas
(Guisan and Zimmermann, 2000). A few studies have used SDMs
for understanding the ecological requirements of the Pyrenean
desman and have reported a positive influence of topographic var-
iability, and a strong but contrasting influence of climatic variables,
depending on the study area (Barbosa et al., 2009; Morueta-Holme
et al., 2010; Williams-Tripp et al., 2012). A negative effect of the
density of urban areas was also identified (Barbosa et al., 2009).
As these studies were applied at large scales (e.g., the whole Ibe-
rian Peninsula) and with coarse resolution (e.g., 10 km), they did
not take into account the particular features of freshwater
environments.
Indeed, SDMs for aquatic species often fail to account fully for
links between organism occurrence and environmental constraints
imposed by river networks (Jähnig et al., 2012) as they do not take
into account the linear configuration of the river network (SDMs
built on grid cells with both aquatic and terrestrial ecosystems
considered together; e.g. Blank and Blaustein, 2012; Domisch
et al., 2013). Not accounting for these particular features seems
to be appropriate for broad-scale studies as the use of climatic or
topographic variables might be more meaningful (Bucklin et al.,
2015). As aquatic species’ movements are constrained by the spa-
tial orientation of the watercourses and by the connectivity
between streams and sub-catchments, such hydrological parame-
ters should however be considered (Ottaviani et al., 2009), espe-
cially for small-scale predictions (e.g. across a river catchment).
The importance of hydrological variables on freshwater species
ecology and distribution is well known (e.g. Kuemmerlen et al.,
2014) even for river birds (Royan et al., 2014) or semi-aquatic
mammals (Pedroso et al., 2014; Toner et al., 2010). Despite this,
hydrological variables (e.g. stream flow) are often ignored in SDMs
due to the lack of fine scale spatial data available for studies con-
ducted in large areas. A solution to counterbalance this lack of data
may be to simulate flow variables using a hydrological model. One
of the most commonly applied, the Soil andWater Assessment Tool
(SWAT), is a catchment-scale, physically based model (Arnold
et al., 1998), running on a daily time step and capable of continu-
ous simulation over a long time period at different spatial scales
(Gassman et al., 2007). By using spatial information (i.e. topogra-
phy, climate, soil and land-use), SWAT simulates the hydrological
cycle both in space and time (see Neitsch et al., 2005 for more
details). To our knowledge, very few studies have coupled this toolwith SDMs to understand the influence of hydrological parameters
on the presence of aquatic species, and to predict habitat suitability
(but see Jähnig et al., 2012; Kuemmerlen et al., 2014).
Another important challenge in SDMs is the quality of species
presence–absence data. When surveys are based on the recording
of indirect signs, such as faeces, ambiguous signs could lead to
the risk of species misidentification, leading to false presences
(i.e. wrongly attributed to the species of interest; Miller et al.,
2011) or false absences (i.e. wrongly attributed to species other
than the species of interest). To overcome this issue, techniques
that identify species using faecal DNA analysis are increasingly
used (Waits and Paetkau, 2005). Species detection is another major
issue. It is well known that the absence of records in the field is a
combination of undetected presences (i.e. false absences) and true
absences (Gu and Swihart, 2004). Semi-aquatic mammals, such as
the Pyrenean desman, are particularly sensitive to this detection
issue as monitoring is usually based on faeces searches in hetero-
geneous environments (González-Esteban et al., 2003). Site occu-
pancy models have been developed to deal with species
detection issues at a large scale. They model the probability that
a species occupies some sites even though the species has not been
detected with any certainty when the sites were visited
(MacKenzie et al., 2002). This class of models requires replication
of detection-non detection data at sampling sites. Usually based
on temporal replication, recent developments of site occupancy
models now allow the use of spatial instead of temporal replicates.
Among them, the Markovian occupancy model can be applied
when spatially adjacent replicates are available at sites, to test
for spatial correlation of occupancy probabilities between repli-
cates (Charbonnel et al., 2014; Hines et al., 2010). To date, this
recent model has rarely been applied to investigate the influence
of covariates on species distribution (see however Barber-Meyer
et al., 2013; Karanth et al., 2011; Thorn et al., 2011).
In this study, we applied the Markovian occupancy model to
a genetically validated dataset for the Pyrenean desman, and
used a hydrological model to simulate flow in the river network
of a single catchment in the French Pyrenees. Our aim was to
highlight the environmental factors, including hydrological vari-
ables, influencing detection and occupancy of this threatened
semi-aquatic species for better implementation of conservation
plans.2. Methods
2.1. Study area
The upper river Salat (42–43N, 0–1W; drainage
area = 1156 km2) is a tributary of the river Garonne, located in
the French Pyrenean Mountains (Fig. 1). This catchment has a
stream length of 1388 km (CARTHAGE  DB, French database on
thematic mapping of the Water Agencies, 2011 version http://
www.sandre.eaufrance.fr). Elevation varies between 350 and
2870 m (mean elevation = 1200 m). Mean (±sd) annual rainfall,
air temperature and stream flow are 1360.83 mm ± 216.72
(range = 1013.72–1998.49), 9.51 C ± 1.76 (range = 4.21–12.11;
Pagé and Terray, 2010) and 0.78 m3/s ± 2.76 (range = 0.00–31.96;
SWAT simulations, see 2.4), respectively. Land cover (Corine Land
Cover  DB, map of the European environmental landscape, ver-
sion 2006) is dominated by forests (50%) and herbaceous and
shrubby vegetation (25%). We focused our study on this catchment
because of (i) its representativeness of other French Pyrenean
catchments, (ii) its conservation status (this catchment is part of
a Natura 2000 site) and (iii) the known presence of Pyrenean des-
man (Bertrand, 1994). The stream network (CARTHAGE  DB) was
Fig. 1. Map of the upper Salat river catchment (study area) with hydrographic sub-sectors (light grey: Lez, medium grey: Salat and dark grey: Baup) and sampling site
locations (dots, n = 131). The size of dots indicates the number of segments with detection for each site.divided into 1388 1-km-long sections (hereafter simply called sec-
tions) for the computation of environmental covariates.
2.2. Field sampling
One hundred thirty-one sites (i.e. river transects) were surveyed
for this study (Fig. 1). Sites were selected using a spatially bal-
anced, Generalized Random Tessellation Stratified sampling which
is known to produce survey designs suitable for aquatic systems
(Stevens and Olsen, 2004). Searches for Pyrenean desman faeces
were conducted along these river transects which were waded
by pairs of skilled observers, meticulously inspecting each emer-
gent rock, tree root or branch in the riverbed (i.e. river banks were
not inspected). The number of observers was limited as much as
possible across transects to minimize observer bias for sign detec-
tion. All faeces detected and suspected of being left by a Pyrenean
desman based on colour, size, and position were harvested for
genetic analysis. Surveys were conducted between 2011 and
2013 during the summer, when faeces appeared to persist longest,
to maximize detection (Bertrand, 1994). We tried not to conduct
surveys during or after a period of fluctuating water levels or heavy
rainfall to minimize variations in sign detection probabilities (e.g.,
removal of faeces by rising water levels). Each site was a riverbed
transect 500 m-long, which approximately matches the mean
home range of the species (Melero et al., 2012). Each site was
divided into five sub-units (i.e. segments) of equal length (i.e.
100 m) that constituted adjacent spatial replicates, as this segment
length appears appropriate for the Pyrenean desman when ana-
lyzed with the Markovian occupancy model (Charbonnel et al.,
2014). For each segment, information of detection or non-detection
of faeces was thus available.
2.3. Genetic validation of faeces identification
Genomic DNA from faeces samples was extracted using the
Stool Mini Kit (Qiagen Inc., Hilden, Germany). DNA extraction
was conducted in a separate room with a UV-sterilised platform
where no Pyrenean desman tissue samples had previously beentreated. In order to identify the owner species of the faeces sample,
we amplified a small cytochrome b fragment of approximately
400 bp using specific primers designed for this study (GPYRF1:
50-TTGTAGAATGGAKCTGAGG-30, GPYRF2: 50-TTCCTTCACGAAA-
CAGGATC-30 and GPYRR1: 50-GTCGGCTGCTAAAAGTCAGAATA-30).
PCRs were carried out in a volume of 9 ll containing 0.17 ll of for-
ward primer GPYRF1 and 0.17 ll of reverse primer GPYRR1
(10 lM), 2.89 ll of sterile water, 0.58 ll of dNTPs (10 lM),
1.70 ll of MgCl2 (25 mM), 3.40 ll of 5X GoTaq buffer reaction
(Promega Inc., Madison, USA), 0.09 ll of GoTaq DNA polymerase
(Promega Inc., Madison, USA) and 8 ll of DNA. Amplifications were
performed in a thermal cycler VWR Unocycler using one activation
step at 94 C for 5 min followed by 40 cycles (denaturation at 94 C
for 50 s, annealing at 52 C for 45 s, extension at 72 C for 45 s) and
final extension step at 72 C for 10 min. Three microlitres of the
PCR product were amplified in a nested PCR with 14 ll of the
PCR mixture described above with additions of 5 ll of sterile water
and 0.17 ll of forward primer GPYRF2 (10 lM) in place of GPYRF1.
PCR products were sequenced on an Applied Biosystems 3730
DNA analyzer and verified using CHROMASPRO v 1.5 (http://techn-
elysium.com.au). Sequences were then submitted to the BLAST
functionality available on the NCBI website (http://blast.ncbi.nlm.
nih.gov). For a detailed description of the protocol, see Gillet
et al. (in press).
2.4. Simulation of stream flow using SWAT model
The combined use of hydraulic and distribution models involves
hydrological information available at the same spatial resolution
(here, 1-km river sections). SWAT requires several input datasets
using the ArcSWAT interface in ArcGIS 10.0 (Winchell et al.,
2007). SWAT uses a topography map to delineate the watershed
that was divided into 1165 sub-basins (mean surface
area = 100 ha ± 82; mean reach length = 873 m ± 704) with a dis-
cretization scale of 50 ha (Fig. 2). In this study, we used (i) a
25 m resolution Digital Elevation Model (ALTI  DB – IGN), (ii) a
1 km resolution Digital Soil Map of the World (FAO, 2007), and
(iii) a 250 m resolution land cover map (BDOS , Regional Natural
Fig. 2. Map of SWAT sub-basin distributions, hydropower reservoirs (black squares) and gauging stations (red triangles) used to calibrate and validate SWAT modelling. The
average simulated stream flow (1992–2011) is also shown. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)Parks of Midi-Pyrénées). The climatic variables used to calibrate
the SWAT models included daily rainfall, maximum and minimum
air temperature, solar radiation, wind speed and relative humidity.
Climatic variables were derived from the SAFRAN  DB (1992–
2011) which has a spatial resolution of 8 km and accounts for
the influence of the topography on the atmospheric variables
(Habets et al., 2008). As our study area was located in a mountain-
ous region, we modified snow parameters to calibrate SWAT and
improved flow simulations (Appendix A, Supplementary Materi-
als). Observed monthly output flows of three hydropower reser-
voirs (Fig. 2; Electricity of France) were also included in
simulations to increase their accuracy. After running SWAT, simu-
lated stream flows were available in the 1165 sub-basins with a
monthly time step, between 1992 and 2011. For each of the 1388
1-km sections, the flow value assigned was that of the sub-basin
it was included in. A simulation period of 20 years was chosen to
reduce the influence of years with extreme hydrological events
(e.g. flood, low water). Average monthly stream flow data recorded
from 1992 to 2011 were available at five gauging stations (Fig. 2)
and used to calibrate and evaluate the performance of the SWAT
simulations using three different metrics: the Spearman correla-
tion coefficient (rho), the coefficient of determination (R2) and
the Nash–Sutcliffe Efficiency (NSE) calculated between measured
and simulated stream flow (e.g. Kiesel et al., 2010; Moriasi et al.,
2007). As is typically done (Qi and Grunwald, 2005), the model
was calibrated using the gauging station located at the outlet
(‘‘Saint-Lizier’’) and validated at the four other gauging stations
(Fig. 2).
2.5. Covariates influencing detection and occupancy
2.5.1. Covariates related to detection probability
Bias in sign detection may arise due to a variety of factors
including weather, habitat structure and observer. First, species
detection is known to be influenced by the experience of the obser-
ver (MacKenzie et al., 2006). Hence, we used the pairs of observers
who inspected each transect as a first covariate (OBS; 3 categories).
For the Pyrenean desman, we then hypothesized that substrateheterogeneity influences faeces detection as emergent items are
supports for faeces deposits. We could expect that the greater
the heterogeneity, the higher the detection. Hence, during sam-
pling, observers visually assessed the percentage of heterogeneity
of substrate and shelters (e.g. rocks, tree roots or branches) in
the riverbed (SUBSTRATE) that was classified in four categories:
0–25%, 26–50%, 51–75% and 76–100%. The 0–25% category indi-
cated a riverbed with homogeneous substrate and few or no shel-
ters whereas the 76–100% category indicated a riverbed with a
very high diversity of substrate and shelters (e.g. rocks, tree roots
or branches). In addition, rainfall may negatively influence the fae-
ces detection by washing out emergent items, as already shown for
the European otter (Lutra lutra; Reid et al., 2013). It could thus be
more difficult to find faeces in areas with high annual rainfall as
items are regularly washed out. Flow variability might also influ-
ence detection with higher variation in stream flow resulting in
faeces regularly removed by the fluctuating water level, and thus
a lowered detection. Consequently, we used the mean annual rain-
fall (RAIN, mean of the annual rainfall from 1992 to 2011, mean
across the 131 river transects = 1252.80 mm ± 154.75) and the
inter-monthly flow variability (FLOW VAR, variance of the twelve
monthly flows simulated from SWAT, averaged from 1992 to
2011, mean = 1.81 ± 7.40). All these covariates were calculated
for each 1-km section.
2.5.2. Covariates related to occupancy probability
We used four covariates that were not highly correlated
(|r| 6 0.60) in the Markovian occupancy model. First, we used the
mean monthly flow (FLOW, mean of the twelve monthly flows,
averaged from 1992 to 2011, simulation of SWAT models,
mean = 1.48 m3/s ± 2.76). Second, we calculated eight climatic
covariates over the period 1992–2011 (Pagé and Terray, 2010):
the mean (±sd) annual temperature (10.4 C ± 1.34), the mean tem-
perature of the coldest month (2.38 C ± 1.23), the mean tempera-
ture of the warmest month (18.74 C ± 1.32), the inter-annual
temperature variability (32.39 ± 6.17), the mean annual rainfall
(1253 mm ± 1.55), the mean rainfall of the driest month
(32.33 mm ± 4.57), the mean rainfall of the wettest month
(214.4 mm ± 2.41) and the inter-annual rainfall variability
(359.50 ± 9.76). As they were quite strongly correlated
(|r|P 0.72), we used the first axis of a principal component analy-
sis (PCA) which explained 93.80% of the variation of the climatic
covariates as a synthetic covariate (CLIMATE). Its values increased
as mean annual rainfall increased while mean annual temperature
decreased. For both FLOW and CLIMATE, linear and quadratic
terms were included in occupancy models. Third, we calculated
the number of tributaries (TRIBUTARIES, derived from CARTHAGE
 DB, mean = 3.11 ± 1.99) for each 1-km section and its proximal
upstream and downstream sections. Finally, the influence of the
three main hydrographic sub-sectors was also tested (SUB-SEC-
TOR; 3 categories; CARTHAGE DB; Fig. 1). To improve the conver-
gence of occupancy models, all non-categorical covariates were
log-transformed and normalized.
2.6. Data analysis
We applied to our dataset the Markovian occupancy model
recently developed by Hines et al. (2010) which estimated four
parameters: p, the probability of detecting the species conditional
on the presence of the species on the site (i.e. probability of detec-
tion); w, the probability that a site is occupied or used by a species
(i.e. probability of site occupancy); h0, the probability that a species
is present on a segment given that the site is occupied but the spe-
cies was absent on the previous adjacent segment; and h1, the
probability that a species is present on the segment given that
the site is occupied and that the species was present on the previ-
ous adjacent segment (see Charbonnel et al., 2014, and Hines et al.,
2010 for more details about the parameters estimated).
To evaluate the predictive accuracy of our final model predic-
tions, we used a jackknife iterative procedure, best suited for small
data sets (n = 131) than the traditional partitioning in 70% for cal-
ibration and 30% for validation. Thus, the model selection process
described belowwas repeated 131 times. This model selection pro-
cess initially focused on determining a suitable covariates model
structure for detection (p) and subsequently used this model struc-
ture to test combinations of covariates for occupancy (w). We first
defined a full occupancy model (i.e. including all four occupancy
covariates) based on the recommendations of Burnham and
Anderson (2002) and MacKenzie et al. (2006). Then, we formulated
covariates for detection, either without any covariates, or individ-
ually or in additive combination, restricting models to a maximum
of two covariates to reduce convergence problems (Burnham and
Anderson, 2002). This resulted in eleven different models. All
model comparisons were based on Akaike Information Criterion
(AIC) values (Burnham and Anderson, 2002). The Akaike weights
(xi) were also calculated. To assess the relative importance of each
detection covariate, the sum of xi of models (Rxi) that included
each covariate was calculated. As this process was repeated 131
times (see above), we then summed the Akaike weights obtained
for the 131 iterations. Based on this global Akaike weight, the
detection covariates were ranked and the ones with the highest
rank were selected to fix the model structure for p. Thereafter,
we kept this model structure component unchanged and ran fur-
ther occupancy analyses to compare models involving either no
covariates or all combinations of covariates for w, resulting in six-
teen models. No covariates were included for local occupancy
parameters h0 and h1 to reduce the number of parameters to esti-
mate. Like for detection covariates, the global Akaike weight of
each occupancy covariate was calculated. For each iteration, model
averaging was used to determine the effect size (b regression coef-
ficient) of each covariate across the top set of models (DAIC 6 2;
Burnham and Anderson, 2002). Finally, a global average coefficient
was computed for each covariate across the 131 iterations, and
used to build covariate response curves for occupancy and detec-tion. Ninety-five percent confidence intervals were calculated
through the jackknife procedure. Estimates obtained through
model averaging for each iteration were then used to predict occu-
pancy probabilities over the whole Salat catchment. A final predic-
tion map was thus produced through the computation of average
probabilities across the 131 iterations. The predictive accuracy
was evaluated using the area under the ROC curve (AUC) which
is an index of classification accuracy independent of species prev-
alence and arbitrary threshold effects (Manel et al., 2001). We fit-
ted all the models using the freeware PRESENCE v. 6.2 (Hines,
2006) and R.2.14.1.3. Results
3.1. Desman detection
A total of 579 faeces were collected from 94 out of the 131 sam-
pled sites. Sixty-nine percent of these faeces were genetically con-
firmed to be Pyrenean desman, sampled in 54 sites (i.e. 41% of
sampling sites with at least one detection event during the survey).
DNA included in 27% of the collected faeces was too degraded to
accurately identify the author of the faeces. Four percent of the
579 collected faeces were allocated to another species (e.g. 2% to
Neomys spp.). Among the 54 sites where the presence of desman
was genetically confirmed, 13 had only one 100-m segment with
detection, 11 had two segments with detection, 9 had three seg-
ments with detection, 12 had four segments with detection and
9 had all the five segments with detection. Eighty-seven percent
of sites with detection were located in the Salat sub-sector, 13%
in the Lez while no presence was recorded in the Baup sub-sector
(Fig. 1).
3.2. SWAT flow simulation
SWAT simulations of stream flowwere accurate, as indicated by
the model evaluation statistics computed between measured and
simulated monthly stream flow at the gauging station used for cal-
ibration (rho = 0.89; R2 = 0.78; NSE = 0.73; ‘‘Saint Lizier’’; Figs. 2
and 3a). According to Moriasi et al. (2007), the evaluation statistics
were also considered to be high at the gauging stations used for the
validation step (0.85 6 rho 6 0.91; 0.62 6 R2 6 0.85;
0.60 6 NSE 6 0.8; Fig. 3c–e), except the Balaguères station
(rho = 0.81; R2 = 0.50; NSE = 0.33; Fig. 3b). Simulated mean
monthly flow over the 1992–2011 period ranges spatially from
0.01 to 31.96 m3/s, with a mean of 0.78 m3/s (Fig. 2).
3.3. Influence of covariates on detection and occupancy
The covariate that influenced desman detection most was
FLOW VAR (global Akaike weight = 130.56) followed by SUB-
STRATE (global Akaike weight = 70.26). OBS had a moderate influ-
ence (global Akaike weight = 44.83) while RAIN (global Akaike
weight = 0.60) did not explain desman detection at all. To avoid
statistical convergence issues when building occupancy models,
only the first two covariates, FLOW VAR and SUBSTRATE, were
retained. The probability of detecting Pyrenean desman faeces
decreased sharply with increasing flow variability (Fig. 4a) and
was higher in streams dominated by heterogeneous substrates
and shelters in spite of a large variability in detection probabilities
for stream reaches with low heterogeneity (Fig. 4b).
For desman occupancy, the covariate SUB-SECTOR exerted the
strongest influence (global Akaike weight = 131.00). FLOW was
also important (global Akaike weight = 88.99) followed by TRIBU-
TARIES (global Akaike weight = 76.20) and then CLIMATE (global
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Fig. 3. Measured (grey) and simulated (black) Soil and Water Assessment Tool (SWAT) stream flow at the downstream gauging station used for the calibration step (a) and at
gauging stations used for the validation step (b–e; see Fig. 1 for the location). Model simulations were evaluated with the Spearman coefficient correlations (rho), coefficient
of determination (R2), and Nash–Sutcliffe efficiency (NSE) between measured and simulated stream flow.different between sub-sectors with the highest occupancy proba-
bilities for stream sections located in the Salat sub-sector (Figs. 1
and 4c). As no detection event has been reported in the Baup
sub-sector (Fig. 1), occupancy probability in this area was esti-
mated to be null by the model. Both covariates FLOW and TRIBU-
TARIES had a positive influence on occupancy probability (Fig. 4d
and e) suggesting that the Pyrenean desman has a higher occu-
pancy probability in stream sections with high mean monthly flow
and several tributaries. For example, in the Salat sub-sector, occu-
pancy probability raises rapidly over 0.9 from 5 m3/s flow values.
Finally, it appears that the Pyrenean desman occupancy was higher
in areas with more abundant annual rainfall and colder annual
temperature (i.e. high values of CLIMATE; Fig. 4f), although this
covariate was the least influencing.
Expected local spatial dependence was highlighted by the aver-
age model estimates that showed that the probability of Pyrenean
desman sign presence on a segment, given absence on the previous
segment (h0 = 0.48, 95% CI = 0.46–0.49) was lower than the proba-
bility of Pyrenean desman sign presence on a segment given pres-
ence on the previous segment (h1 = 0.72, 95% CI = 0.71–0.73).3.4. Predictive occupancy map
The average predicted occupancy probability for the Pyrenean
desman across the study area had a moderate accuracy compared
to observations given that AUC value was 0.74. Occupancy proba-
bility estimates ranged from 0 to 0.97 suggesting that some
streams are very suitable for the Pyrenean desman while others
are not suitable at all in the upper Salat catchment. There was a
strong contrast among occupancy probabilities predicted on sec-
tions of the three sub-sectors, with a mean occupancy of
0.63 ± 0.18 in the Salat, 0.15 ± 0.12 in the Lez and 0.00 ± 0.00 in
the Baup (Figs. 1, 4c and 5a). Higher occupancy probabilities were
predicted for major rivers of the Lez and Salat sub-sectors while
lower occupancy probabilities were predicted for small tributaries
(Fig. 5a), underlining the positive relationship with stream flow.These predictions indicate a potential linear distribution of
176 km (12.5%) with predicted occupancy probabilityP0.80, and
462 km (32.7%) with predicted probabilitiesP0.60 in the whole
upper Salat river catchment. Last, the area with the highest vari-
ability in predicted occupancy across the 131 iterations was
located on the Lez river, upstream of the Lez and the Salat conflu-
ence, and also in the headwaters of the Lez sub-sector (Fig. 5b).
4. Discussion
4.1. Detection probability of the Pyrenean desman – implications for
monitoring
We have emphasized that the probability of detecting desman
faeces decreases in areas with high flow variability, which may
regularly submerge emergent items where the desman usually
leaves its faeces and thus limit the accumulation of signs. In agree-
ment with Aymerich and Gosàlbez (2004), we thus suggest that
periods of heavy rain or high water flow as well as the period
shortly following flood events should be avoided when survey
involves faeces detection. We also showed that the detection
probability rises in streams with a larger diversity of substrate
and shelters. This result is consistent with Nores et al. (1992)
who suggested that the availability of emergent items may influ-
ence the faeces detectability of the Pyrenean desman. When
streams with a homogeneous substrate and shelters or high flow
variability (natural or artificial) have to be monitored, more efforts
in sampling should therefore be directed towards compensating
the lowest detection, or other survey methods with higher detec-
tion efficiency (e.g. live trapping) should be applied (González-
Esteban et al., 2003).
4.2. Variables influencing occupancy of the Pyrenean desman
We found that stream flow has a strong and positive influence
on the occupancy of the Pyrenean desman. Some authors also
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Fig. 4. Relationship between detection (a, and b) and occupancy (c–f) probability, and covariates for the Pyrenean desman in the upper Salat river catchment. All the figures
show the average probabilities predicted along the range of each covariate (solid black lines) and their 95% confidence intervals (dotted lines), except Fig. 4b which plots the
estimated detection probabilities in the 131 sites according to substrate heterogeneity categories, and Fig. 4c which plots the predicted occupancy probability for the whole
study area (1388 1-km long sections) according to the sub-sector. Predictions were computed with the other covariates at their mean values.suggested a preference of this species for fast flowing waters
(Nores et al., 1992; Queiroz et al., 1993, 1996; Ramalhinho and
Boa Vida, 1993). One hypothesis to explain this preference for high
water flow in mountainous regions would be that abundance and
richness of invertebrates, which are the main prey of the Pyrenean
desman (Bertrand, 1994), are known to be positively related to
flow (Aymerich, 2004; Dewson et al., 2007). This finding is also
in accordance with Nores et al. (1992) who suggested that the fac-
tors that influence the Pyrenean desman the most are those related
to hydrology characteristics. They proposed a rather mechanical
explanation for this preference arguing that high water velocity
may help the desman float in the water for optimal use of its
resources. Nores et al. (1992) found that the presence of the Pyre-
nean desman was favoured for a water velocity greater than 0.2 m/
s. In our study, highest occupancy was obtained for river transects
with flow above 5 m3/s and 15 m3/s in the Salat and Lez sub-
sectors, respectively. But, we can observe that for these two sub-
sectors, the most rapid increase of occupancy is obtained up to5 m3/s, and grows beyond this value much more slowly, meaning
that this species can tolerate quite high flow. On a larger scale
(e.g. Iberian Peninsula), Barbosa et al. (2003) and Morueta-Holme
et al. (2010) highlighted the importance of water abundance,
owing to the amphibious lifestyle of the Pyrenean desman, as more
water offers better habitat conditions and greater food availability.
As suggested by Aymerich (2004), artificial reduction of flow
regime (e.g. due to hydropower production or irrigation) likely
has a negative impact on Pyrenean desman occurrence, especially
in mountain rivers which are more sensitive to flow reduction.
Our results also revealed the positive influence of the number of
tributaries on the presence of the Pyrenean desman. A high num-
ber of tributaries may act as refuge areas in case of natural or arti-
ficial flooding (Lake, 2000), which can facilitate the recolonization
of disturbed sites by the species. The strong influence of the geo-
graphic area that we found may indicate that Pyrenean desman
occurrences show spatial clustering, with an influence of terrestrial
barriers, and that dispersal is mainly constrained by aquatic
Fig. 5. Maps of (a) the average predicted occupancy probability of the Pyrenean desman in the upper Salat river catchment across the 131 iterations and (b) the prediction
variability (i.e. coefficient of variation) across the iterative jackknife procedure. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)environments (Filipe et al., 2009). Spatial structuring of distribu-
tion for other semi-aquatic species less restricted to aquatic habi-
tats, such as the European otter (Lutra lutra), has already been
emphasized and is thought to result from population dynamics
(Barbosa et al., 2003). We never found Pyrenean desman faeces
in the Baup catchment, which we assume to be caused by extre-
mely low sign detection or possible extirpation of desman from
this area due to unsuitable environmental conditions within this
catchment (i.e. agricultural land, drier and warmer climate). The
spatial clustering of Pyrenean desman occurrences and the high
probability of suitable habitats in the Salat sub-sector both suggestthat this area may represent one large population connected by
movement and gene flow. Stream connectivity should thus be
favoured as habitat fragmentation could potentially decrease
demographic support for tributaries and lead to isolation of popu-
lations, as mentioned by Nores et al. (1999) and Queiroz et al.
(1996). Until more data on movement and dispersal of the Pyre-
nean desman are available, the most cautious conservation strat-
egy is thus to protect habitat quality and connectivity
throughout the entire sub-sector. The predicted occupancy map
would therefore be useful as a decision-making instrument for
future developments within this catchment.
Lastly, studies previously conducted on a larger scale revealed
the importance of climate to explain the Pyrenean desman distri-
bution. Indeed, it has been shown that mean annual precipitation
has a positive influence and annual air temperature a negative
influence in Spain and Portugal (Barbosa et al., 2009, 2010;
Morueta-Holme et al., 2010). By contrast, a negative relationship
between precipitation and the presence of Pyrenean desman as
well as a positive relationship with air temperature were found
in France (Williams-Tripp et al., 2012). At a finer scale (i.e. catch-
ment scale), we found a pattern similar to that reported in Spain
and Portugal, but our results suggest that climatic variables appear
to be much less influential than the three other covariates consid-
ered. This contrasted result is consistent with the fact that hydrol-
ogy is known to be more important in structuring the distribution
of aquatic species within the species range than climate which
drives spatial distribution at larger scales (Bucklin et al., 2015;
Morueta-Holme et al., 2010).
4.3. Better accounting for the hydrology when modelling the
distribution of aquatic species
In aquatic ecosystems, abiotic factors that structure freshwater
species distribution are different from those that influence species
in terrestrial environments (Jähnig et al., 2012). However, hydro-
logical variables are rarely taken into account into SDMs due to a
lack of detailed data for the whole study area. Applying SDMs at
fine scales (e.g. catchment scale) may result in an incomplete
description of species ecological niche (Ottaviani et al., 2009) as
these factors are known to strongly influence the distribution of
freshwater species. Hence, as mentioned by Jähnig et al. (2012),
integrated modelling approaches are needed to provide habitat
suitability predictions of aquatic organisms using adequate predic-
tors. Some hydrological models such as the SWAT model make it
possible to simulate stream flow across an entire stream network
and then to use flow as an input variable in SDMs. For example,
by using hydrological and hydraulic models, Jähnig et al. (2012)
simulated water levels, flow velocities and sediment processes in
a river section, to serve as inputs into an SDM applied to a freshwa-
ter mollusc. All these hydrological and hydraulic parameters
appeared to explain significantly its occurrence. Moreover,
Kuemmerlen et al. (2014) used SWAT to simulate hydrological fac-
tors (e.g. flow seasonality, flow range) and applied SDMs to inver-
tebrate species at the catchment scale. They showed more accurate
predictions of habitat suitability when hydrological factors were
included among the predictors. Coupling between a hydrological
model and SDMs thus appears promising to get more accurate pre-
dictions of species distribution from SDMs in freshwater ecosys-
tems at fine resolution (Kuemmerlen et al., 2014). This should be
applied to a wider range of aquatic and semi-aquatic species (e.g.
mammals, birds, reptiles, amphibians, fish, stream invertebrates),
especially for studies at local scales to improve ecological knowl-
edge about these species.
4.4. Accounting for the imperfect detection of species
A major issue in monitoring wild animal populations is the dif-
ficulty to detect species. This problem can be taken into account
using occupancy models to avoid false absence data (MacKenzie
et al., 2006). The value of these statistical methods has been largely
acknowledged during the last few years with many applications for
a wide diversity of species such as insects (Kéry et al., 2010), fish
(Comte and Grenouillet, 2013), reptiles (Durso et al., 2011) and
birds (Kéry et al., 2013). In our study, in spite of quite high
detection probabilities found for the Pyrenean desman, the use of
a site-occupancy model has limited the risk of underestimating
the Pyrenean desman occupancy. More generally, occupancymodels may avoid introducing errors into distribution patterns
(Comte and Grenouillet, 2013) or introducing bias into wildlife-
habitat relationships (Gu and Swihart, 2004; Kéry et al., 2010),
two issues that are crucial for species with low detectability.
Indeed, for rare, secretive or nocturnal species, it may be difficult
to detect individuals visually and logistics constraints may appear
for surveys in rough terrain (Aing et al., 2011). Consequently, sur-
vey methods based on recording indirect signs have become stan-
dard practice for many species (Heinemeyer et al., 2008).
Depending on the species ecology, if the data are based on sign sur-
veys and sampled following a design with spatially adjacent repli-
cates, they could be analyzed with the Markovian occupancy
model. This may concern species that use trails to move as do
many large mammals (Barber-Meyer et al., 2013; Karanth et al.,
2011; Thorn et al., 2011), using a linear home range (e.g. species
living along rivers or ecotones) or species for which surveys follow
a linear configuration (e.g. roads, trails) such as those carried out in
remote systems (e.g. mountains, forests). Moreover, spatially adja-
cent replicates have the advantage of being more effective and
straightforward to implement than temporal replication (see
Charbonnel et al., 2014 for more details).
Whereas the importance of accounting for false negative errors
is frequently recognized, much less attention has however been
given to false positives (Miller et al., 2011). A specific occupancy
model developed by Royle and Link (2006) can account for false
positives when genetic analyses are too expensive and not appro-
priate for some survey techniques (e.g. listening points). In our
case, DNA analyses were appropriate to avoid false positives that
would have occurred by misidentifying the faeces of other species
(e.g. Neomys spp., Glis spp., Myotis spp, Turdus spp., Pordarcis spp.)
as being Pyrenean desman. For species with shrinking ranges,
false-positive observations may thus result in an underestimation
of the population decline. However, the use of modern DNA tech-
niques makes sure that a faeces sample belongs to the species of
interest, thus resulting in a reduced risk of overestimating occu-
pancy probabilities. Given the serious consequences of inaccurate
estimates of the status of rare species for conservation and man-
agement decisions, accounting for false-positive errors should be
an important component when designing and analyzing monitor-
ing programs for rare species (Miller et al., 2011) or species for
which surveys are based on the recording of indirect cues (e.g.
scats) like many carnivore species (Heinemeyer et al., 2008).Acknowledgements
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